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I. Introduction
Trading on momentum has become an integral part of portfolio and asset management.
Reasons for the huge success of this concept lie not only in its simplicity, but also in the way how market participants behave. An upward or downward trending stock price always teases the eye to extrapolate. Concepts such as overconfidence of private over public information Subrahmanyam, (1998, 2001) ), or optimism and wishful thinking, as well as representativeness and conservatism, in terms of underweighting new information relative to prior (Barberis, Shieifer and Vishny, (1998) ), are causing peoples' expectations to deviate from Von Neumann and Morgenstern's (1947) expected utility theory. Above observations have lead to the academic concept of limited arbitrage, which states that irrationality can have a substantial and long-lived impact on prices, which cannot be undone by arbitrage. Based on this consideration a wide range of behavioral trading strategies such as Put/Call indices and Confidence Indices have been introduced. It has often been argued that momentum trading is the least favorable amongst behavioral trading strategies, as it not only runs counter to common sense "buy low, sell high" 2 , but also as it is vulnerable to volatility in markets. Key to profitability of momentum trading is to spot trends early and to react quickly. For this reason it becomes evident why leading financial institutions spend considerable amounts of time researching this phenomenon. The distinction between trends that will last from trends that will not last, might well be a trader's comparative edge in the hunt for Alphas.
Central aim of this study is to provide an econometric model which allows to identify potentials for momentum trading and to assess their feasibility. The presented model is based on the analysis of different industrial sectors which are used as the underlying sector indices for S&P Global 1200 iShares. The analysis can be applied to any other index underlying an Exchange Traded Fund.
Momentum as an academic concept, had its breakthrough with the study by Jegadeesh and Titman (1993) . Results of the study suggest that short and long holding periods show mean reversion of momentum returns, whereas mid term holding periods lead to positive and highly significant momentum returns. Since Jegadeesh and Titman's study, a large body of academic research has supported evidence on medium-term stock price continuations.
Namely, Rouwenhorst (1998) has identified momentum effects for 12 European countries and US over a period of 1978-1995.
The general problem of the studies, which use the no arbitrage argument to identify momentum effects, is the construction of the zero-investment portfolios. The zeroinvestment portfolio invests an equal dollar amount in long and short positions. However, this is not a market neutral portfolio, which would have required that long position's market sensitivity (beta) with the short position's market sensitivity (beta) are balanced out.
The advantage of such a portfolio is that it would have virtually eliminated market risk.
This would represent an appropriate zero arbitrage portfolio. Jegadeesh and Titman (1993) find the market capitalization of the loser portfolio to be on average smaller than the market capitalization of the winner portfolio, implying a style tilt. Furthermore winner and loser portfolios show different market betas, suggesting different systematic risk profiles, implying no zero arbitrage portfolios. In Grinblatt and Moskowitz (2003) this style tilt is investigated and their findings suggest that a significant part of momentum returns stems from short positions in small and illiquid stocks and significant November short positions due to anticipation of tax loss selling in December. Lesmond, Schill, and Zhou (2003) support the argument that most of momentum profitability can be explained by frequent trading on high-cost securities. Hong, Lim and Stein (2000) find a significantly negative relation between information flow and momentum; supporting the findings above and suggesting a link between analyst coverage, momentum and market efficiency. Grundy and Martin (2001) , however, find that not all of the momentum profitability is explained by cross sectional variability in returns, therefore it might well be argued that a common momentum factor exists, being coherent with the findings of Rouwenhorst (1998) .
Generally, findings suggest a high sensitivity of momentum returns to transaction cost, which represent a crucial problem of momentum analysis. Carhart (1997) , for instance, concludes that momentum is not exploitable after transaction costs are taken into account.
Consequently, several attempts have been undertaken to increase the feasibility of momentum returns, such as restricting the sample to large caps only (Chan, Jegadeesh, and Lakonishok (1999) ), or neglecting short positions (Grinblatt and Moskowitz (2003) ), or even more interestingly, by applying option-based implementations of momentum strategies (Rey, (2004) ).
In contrast to the majority of previous research, this paper applies an alternative approach to identifying and quantifying momentum effects. It will closely follow the model introduced in Jochum (2000) , which investigates momentum effects by constructing economic survivorship curves 3 . Namely, the KAPLAN-MEIER estimator (Kaplan and Meier, (1958) ) allows measuring to an extent in which an existing trend will persist beyond the present day. Clear advantage of this model over the Jegadeesh and Titman (1993) approach is the circumvention of problems attached to the zero-investment portfolio.
Further, the model allows shedding a light on momentum effects from a trader's perspective, rather than a portfolio manager's perspective. We will establish a trading rule based on daily data of ten S&P Global 1200 sector indices which are used as underlying for iShares, allowing the identification of positive or negative return sequentials, representing momentum effects. By applying survivorship curves a probability model for the survival rates of these return sequentials can be built. Benchmark simulations for sector survival curves then allow the identification of momentum effects.
II. Data and Methodology

A. Description of Data
For the empirical validation of the model we use closing daily prices of ten S&P Global 1200 Sector indices for 10 sectors which are used as the underlying indices for ETFs, in particular iShares. Tracking S&P Global 1200 Sector indices with index tracking portfolios would be also possible, however more expensive and incurring greater tracking errors than iShares. The availability, unrestricted possibility of short-selling and low transaction costs associated with trading of iShares are making this strategy feasible for the real world investor. For example, the iShares S&P Global Energy Sector Index fund seeks investment results that correspond generally to the price and yield performance, before fees and In Section III price index data will be used, as this allows the unbiased comparison of empirical curves to the theoretical benchmark curves 4 . In Section IV, however, we will also be employing total return index, which incorporates dividend reinvestment and is adjusted for capitalization changes. Hence, it represents the appropriate decision basis for a trader.
B. Defining the momentum signal
The initial step to defining momentum survivorship curves is to formalize a momentum signal. We, therefore, base our signal on a technical trading rule. The definition of the trading strategy can hereby be arbitrarily chosen as long as it is applied to both, the empirical series and the simulations. We identify a momentum signal when in two consecutive periods a positive return is realised, giving us a purchase signal for positive momentum sequentials and a sell signal for negative momentum sequentials, respectively, as illustrated in Table 1 .
-Insert Table 1 - 4 We will not be considering dividend reinvestments in the survivorship analysis, because theoretical benchmark models do not capture this information.
Once the momentum signal is formed, we can define Survivorship and Hazard curves.
Those curves are primarily used in Cancer research to investigate the effectiveness of medical treatment on patient groups. Earliest and most quoted study is for instance the paper of Kaplan and Meier (1958) , followed by studies such as Kiefer (1988) , which apply the concept to economic problems, such as the analysis of unemployment rates or estimation of credit default rates.
C. The Survivorship Estimator
Fundamental idea of survival functions is to model a probability curve for the survival rate of a sample. The target is the estimation of a time span in which an observation is 'alive'.
This cannot be estimated in a single point of time, as the start, end and duration of the signal is unordered (uncensored) within the sample.
In this study, however, we will focus on survivorship probabilities, as this best captures the intuition behind the financial concept of momentum. Survival functions can either be estimated by non-parametric or parametric methods. Under the nonparametric specification, no assumptions about distributional characters of the survivorship curve have to be made. This allows a very high degree of flexibility. The KAPLAN-MEIER estimator hereby represents the standard method. By applying the KAPLAN-MEIER estimator, momentum observations can be ordered according to their duration and a probability of survival can be defined, therefore the KAPLAN-MEIER estimator represents the censored generalization of the empirical distribution function. By censoring, we mean that every observation has the same starting point. The theoretical construction of the KAPLAN-MEIER estimator can be made as follows. The probability of the survival function describes the probability that an observation is 'alive' after t periods. The survival function at time t can be calculated as:
Where t(j) denotes the ordered failures at times t=t(j): t(1)≤ t(2) ≤ t(k), d j represents the number of failures at time t=t(j). And n j the number of items which are alive before t=t(j).
Consequently the estimator takes the shape of a step function. Every step in the function then represents the change in probability of momentum surviving beyond a given time horizon t(j). The key fact is that the probability is conditional upon surviving, given that momentum is alive.
For purposes of illustration we use the information, given in Table 1 . After momentum signals have been defined 5 they have to be ordered according to their length of appearance.
The positive curve in Table 1 for instance, shows one time one momentum signal and one time two consecutive signals. This means that out of the two one period observations, one survives up to two periods. This is leading us to the conclusion that, providing one momentum signal has been observed, there is a 50% survival probability up to two consecutive periods. For the negative sample curve the initial survival probability for a two period survival is 0%. 5 A momentum signal will throughout the analysis be defined as 1.
Precision of the estimates depends on the number observations; therefore, estimates for short momentum sequentials are more precise than for long momentum sequentials 6 . In order to make inferences the variance of the estimator is calculated as:
One central aim of the paper is to evaluate whether the empirical survivorship function does show pattern of momentum sequentials or not. For this reason we simulate benchmark processes for stock returns to get an idea of the dimension of a benchmark survival curve.
Initial step for the implementation of the Monte-Carlo Simulation is to specify the formulation of the model, which will be used to generate the data. (3), where μ is the drift rate, P t-1 is the price in the previous period and u t is a random term:
6 because of small numbers of long momentum sequentials due to a high number of dropouts.
7
For a thorough analysis of the Random Walk Hypothesis, see Campbell, Lo and MacKinlay (1997) .
The definition of the ARMA (1,1) process as benchmark finds its justification in papers of Pagan (1996) and Fama and French (1988) . Under the ARMA(1,1) specification returns rather than prices are modeled and the current return realization is a linear function of a constant, the previous return realizations, the previous equilibrium error and a random term. These models are highly appropriate for modeling short to medium term movements in stock returns, however they do not follow any underlying financial or economic theory.
A formal definition for the ARMA(1,1) process is given in equation (4), where μ is the drift rate, y t-1 is the previous realization, u t-1 is the previous equilibrium error and u t is the random term:
The second This kind of momentum analysis has a clear advantage over traditional approaches to investigating momentum effects as it can be carried out using only one time series. This allows the analysis of single stocks, which would be not possible under the traditional specification. Further to this argument, the construction of survivorship curves helps to circumvent the problems associated with the zero arbitrage portfolios, as discussed in Section I.
III. Model estimation and evaluation
A stepwise calculation for the empirical KAPLAN-MEIER estimator for S&P Global 1200
Consume Discretionary Sector is given in Table 2 .
-Insert Table 2 - In the sample of 2330 daily return observations 650 positive two-day momentum signals have been identified. 368 positive return sequentials have been identified for three consecutive days, 11 for eight consecutive days and one up to eleven consecutive days. The number on negative two-day momentum signals identified for this index is 585. Maximum length of the negative momentum is slightly longer, 13 days. The KAPLAN-MEIER contribution rate and the Hazard rate can be interpreted as the periodical probability of a trend continuing or dying respectively. Both columns are inversely related and add up to 100%. The column of the KAPLAN-MEIER estimator shows the probability of survival beyond t(j) days conditioned upon the fact that momentum is alive in t(j). Following this interpretation, we find a 16% probability of a momentum survival beyond four days and a zero probability of momentum occurring longer than eleven days for the positive momentum effect. Results from Random Walk Monte-Carlo simulations, given in Table 3 , suggest a slightly shorter momentum survival time of maximum nine days, while ARMA
(1, 1) Monte-Carlo suggests slightly longer maximum survival time of 13 days. The negative momentum is understated by the theoretical models. Table 2 results indicate that there is 9.74% probability that negative momentum will last longer than four days and no probability of momentum lasting longer than 13 days. The Monte-Carlo simulation results related to negative momentum from Table 3 show considerably shorter momentum survival times than eight days. This implies a less efficient market segment, which means that the theoretical models do not capture the empirical return-generating process.
-Insert Table 3 Similar results are found for all other S&P Global 1200 Sectors used in the analysis and their summary is presented in Table 10 in the Appendix.
In Table 4 Discretionary Sector show greater discrepancy between empirical and theoretical negative momentum survival rate. Further to the findings above, we find that ARMA model explains positive momentum sequentials better than negative momentum sequentials. We also find that positive momentum sequentials live longer than negative sequentials, which is consistent with the findings of Jochum (2000) .
-Insert Table 4 An indication as to why market momentum is stronger in an up-market than in a downmarket, can be found in Grinblatt, Titman and Wermers (1995) . They argue that fund managers tend to buy 'winning' stocks, but do not sell 'losing' stocks. This stronger tendency to buy upward moving securities reinforces positive market moves and thus creates positive market momentum. Generally, results suggest profit potentials, which have not been 'arbitraged' away. To evaluate the feasibility of these potentials we will implement a trading rule and assess the profitability of sector momentum trading.
IV. Trading Rule Implementation
Findings from the survivorship analysis in Section III suggest that the momentum effect survives on an average a little more than two days after it has been established. Therefore, we implement three trading strategies, namely long only, short only and long/short based on the following trading rules: 1) long only returns are generated by buying an index from the opening 8 of the day one and holding it to the close of day two following the positive momentum signal; 2) short only returns are generated by shorting an index at the opening price on the day following negative momentum signal and buying it back at a close of day two and 3) long/short strategy is a combination of long only and short only trading rule.
8 Opening prices for S&P 1200 Global Sector Indices are available only since 2002. Given that in our trading strategies we want to capture both the bull and the bear market trend as in the theoretical modeling in Section III, we have backfilled the data to 1 January 1998 by extrapolating the prices as follows: taking the average percentage difference between the live opening and closing prices from 2002 onwards we adjust the closing prices prior to 2002 for that difference. Any outliers in the data have been excluded.
The borrowing rates we assume while short S&P Global 1200 sector indices are given in Table 5 9 .
-Insert Table 5 If we do not receive a positive (negative) momentum signal in the long only (short only) strategy, we assume investment in the cash index, namely the JP Morgan Global Cash Index (3 months). On the average, we are long (short) around 50% (remaining 50%) of the time in our sample period, the exact percentage slightly varies for each specific index. In the long/short strategy the sample is either long or short, so no investment in the cash index is needed. The existence of sector ETFs, in particular iShares on S&P Global 1200 Sectors, enables investors to apply trading strategies that we describe in reality, relatively cheaply. Table 6 shows the annualized returns 10 , standard deviations and Sharpe ratios of buy-andhold Price index or Total Returns index for our long only, short only and long short momentum strategies.
-Insert Table 6 It can be seen across the board for all indices that with the exception of some short strategies, the three momentum strategies produce much higher returns and similar standard deviation the buy-and-hold strategies. This automatically, implies substantially higher Sharpe ratios, particularly for long only and long/short momentum strategy. It appears from this part of the analysis that all three of our strategies are highly profitable when no transaction costs are taken into account. Inclusion of dividend income in the Total Returns has the opposite impact on the negative momentum one, but the overall long/short returns are increased. The Sharpe ratios are not significantly influenced by this inclusion of dividends.
To assess the economic effect of investing in our strategies, we calculate the end of period value of the initial investment of $100 in each of our strategies. The results from Table 7 suggest that, when no transaction costs are taken into account, both long only and long short strategies generate significantly greater end of period values that the buy and hold index strategy. Short strategy based on negative momentum is somewhat less successful, generating end of period values lower than the buy and hold strategy for five out of ten price indices and six out of ten total returns indices.
-Insert Table 7 Nevertheless, one should not forget the importance that transaction costs play in determining the profitability of active strategies, particularly those active strategies based on frequent trading, such as the ones presented in this paper. Therefore, break-even transaction costs per trade are incorporated into the model, which allows analyzing the extent to which findings from the survivorship analysis can be arbitraged. Not only does this allow us to evaluate the overall level of profitability and feasibility of these strategies, but also the variations of break even points over different sectors. Table 8 shows the breakeven value of transaction costs for the positive (long), negative (short) and long/short momentum trading strategy are shown. Break even values are calculated using buy and hold sector index strategy for each individual sector index. We optimize break-even transaction costs in three different ways: 1) with respect to the end of period buy and hold S&P Global 1200 Sector index value; 2) with respect to the coefficient of variation of the buy and hold strategy and 3) with respect to the Sharpe ratio of the buy and hold. Although the returns and end of period values following our momentum strategies are high, these returns are associated with a very high number of transactions, hence transaction costs become the crucial point to decide whether the strategy is profitable or not. Table 8 Table 8 , it becomes strikingly clear that the threshold levels for the strategy based on both price index and total returns index are higher for positive momentum strategy for most indices than for the remaining two strategies. Additionally, whether dividends are used or not, does not dramatically change the level of breakeven transaction costs. Given this information, it becomes evident that dividends do not have a significant impact when it comes to defining the borderline of profitability. Furthermore, there is only a slight difference in the level of breakeven transaction costs with regards to the method of optimization used. Break-even transaction costs which equalize the end of period value of our trading strategy with the buy and hold strategy are the highest.
Results in
How realistic are the transaction costs that make our trading strategy profitable for different sectors? The transactions cost levels for algorithmic trading on the New York Stock Exchange lie in a range between 8 and 11 basis points (bps) 11 . For most of our sectors, the level of transaction costs for our positive momentum strategies is between 10 to 20 basis points per trade. iShares S&P Global Sectors expense ratio is between 0.48% and 0.65% p.a. which is equivalent to $96 per year for $20000 investment, which is highly feasible. In particular, for positive momentum strategy break-even transaction costs based on all three methods in Table 8 are greater than 8bps for all but three sectors (S&P Global 1200
Consumer Staples, Health Care and Utility), both for Price Index and Total Returns Index data. Single sectors such as Energy Services and Information Technology show considerable arbitrage opportunities. However, it can be noted that negative momentum strategies are less profitable as only four out of ten sectors is profitable according to all three methods of optimization for price indices, while only three out of ten sectors exhibits profitability when return indices are used. The profitability of the long/short strategy is highly influenced by the poor success of negative momentum strategy, i.e. by the losses on the short position, so similarly to short strategy only four (three) out if ten sectors based on price index (total returns index) have breakeven transaction costs greater than 8bps. We believe that the reason for less profitable performance of long only and long/short strategy is the borrowing costs when shorting as well as large number of trades. This implies that only long/short strategies that generate 8-10 times greater end of period wealth than buy and hold strategy can be profitable at a feasible level of transaction costs.
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Lastly, it is important to assess whether there is a positive relationship between survival rates and transaction cost thresholds. The most general problem of survivorship analysis is the fact that it only identifies the signal of a positive or negative return sequential, but it does not state anything about the level of return realizations. This implies that a sector with considerably short survival rates might well outperform a sector with long survival, if level of return realizations is high enough. This problem is catered for in the implementation of our trading rule.
Positive return realizations on two consecutive days represent one momentum observation.
This momentum observation represents the buy signal for the trading strategy. After day two, the momentum effect survives on an average one to one and a half days more, before it dies away. The holding period for the trading strategy is exactly two days after a momentum signal has been received, as explained in greater detail at the beginning of this section. This implies that in terms of survival times we allow for a certain loss, which should vary according to the empirical mean survival times. Therefore a sector with a momentum effect which lives on an average for 2.1 days should perform worse than a sector with a momentum effect which lives on an average of 2.4 days.
In light of this discussion, we rank the sector strategies according to their survival times as well as threshold levels. This enables us to evaluate, whether there is a relationship between survival times and profitability of momentum returns. If the results suggest a positive relationship, and if the strategies prove to be profitable after accounting for transaction costs, the model might well be seen as an appropriate tool for making investment decisions.
-Insert Table 9 In Table 9 a ranking scheme of sectors according to different aspects is shown. The objective is to assess whether the 'best' sectors in terms of survivorship analysis are also the 'best' sectors in terms of transaction cost threshold. Column 1 shows the ranking according to break even transaction costs based on end of period value optimization, where the highest threshold receives the rank one and so on. Column 2 shows the ranking according to absolute survival time and columns 3 and 4 show rankings according to relative survival times. Relative rankings are defined as difference between the empirical mean survival times and mean survival times suggested by the simulations. Column 5 shows a relative ranking according to the empirical survival time and the average of combined survival times. As an example, the results for long momentum strategy for Financials Sector show that it is ranked the third in terms of transaction costs threshold and in terms differences between empirical and theoretical survival times. For short momentum strategy, Materials sector is ranked as number one in terms of threshold of transaction costs and empirical survival time, but is ranked as number two according to differences between empirical and theoretical survival times.
Our results overall suggest a certain degree of positive relation between the transaction costs threshold rankings and survival time rankings. For the evaluation of the relationship, we split the sectors into two groups; we then look to which extent sectors, which are ranked in the top group (top five) according to transaction cost thresholds, will be ranked in the top five according to survival rates. For the positive momentum effect the results are suggesting that 65% of rankings are placed correctly. This represents more than chance would suggest.
Results for the negative momentum effect are less even more pronounced, as 95% rankings are placed correctly. These results suggest that the model works well for both positive and negative momentum observations with the negative one being more pronounced. For this reason the survivorship model can be seen as a valid indicator for trading decisions and it implies that the longer sector survival time leads to higher break-even transaction costs.
V. Concluding remarks
This study investigates momentum effects in S&P Global 1200 Sector returns, based on survivorship analysis. These indices serve as an underlying of S&P Global Sector iShares, which replicate their performance and can be easily bought or sold at a comparatively low This study extends previous work in this area in two ways. First and foremost, the study employs a methodology which allows analyzing the momentum effect, without being heavily dependant on zero-arbitrage portfolios. This is interesting as the composites of these arbitrage portfolios are usually style-tilted and show different systematic risk profiles.
Implying that the returns out of the portfolio are rewards for the systematic risk taken on.
Secondly, the traditional concept of momentum analysis uses monthly data and constituency lists of indices or portfolios, whereas this study allows the analysis of daily data using only one time series.
The implementation of the trading rule can be improved by using parametric models, which allow the periodical estimation and prediction of momentum survival probabilities. In addition to the ideas above, it would be of interest to extend the model to different asset classes. Despite limitations the paper shows explicitly, that markets are not perfectly efficient and that an exploitable momentum effect, particularly the positive one, still exists. 
